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Abstract

This paperpresentstheexperimentalresultsof
our attempsto reducethe size of the param-
eter spacein word alignmentalgorithm. We
useIBM Model 4 as a baseline. In order to
reducethe parameterspace,we pre-processed
the training corpususing a word lemmatizer
anda bilingual termextractionalgorithm. Us-
ing theseadditionalcomponents,we obtained
animprovementin thealignmenterrorrate.

1 Intr oduction

We participatedthe workshopsharedtask for English-
FrenchandRomanian-Englishword alignment. We use
IBM Model4 asabaseline.Thenumberof parametersin
this modelroughly scalesasthe productof the vocabu-
lary sizes(ie numberof types)in the sourceand target
languages. In order to obtain betteralignmentperfor-
mance,wewishto investigatetechniquesthatmayreduce
thenumberof parameters,thereforeincreasingthedata-
to-parameterratio. For thatpurpose,wepreprocessedthe
trainingcorpususinga word lemmatizeranda bilingual
lexicon extractionalgorithm. Section2 briefly describes
the basealignmentalgorithm, Section3 describesour
additionalcomponents,andSection4 shows our exper-
imentalresults,followed by DiscussionandConclusion
in Section5 and6, respectively.

2 Word Alignment algorithm

We useIBM Model 4 (Brown et al., 1993) as a basis
for our word alignmentsystem. The modelwasimple-
mentedin a public softwarepackageGIZA++ (Ochand
Ney, 2000).Weusedefaultparametersprovidedwith the
package,namely, it wasbootstrappedfrom Model 1 (five
iterations),HMM model (five iterations)Model 3 (two
iterations)andModel 4 (four iterations).

IBM Model4 is aconditionalgenerativemodel,which
generatesan English sentence(and a word alignment)
givenaforeignsentence(Frenchor Romanian,in ourex-
perimentshere). In thegenerative process,eachEnglish
word � is duplicated� timesaccordingto the probabili-
ties given by the fertility table �����	� ��
 . Eachduplicated
Englishword � is thentranslatedto a French(or Roma-
nian)word � accordingto the probabilitiesgivenby the
translationtable ������ ��
 . The positionof � in theFrench
sentenceis thenmovedfrom thepositionof � in theEn-
glishsentenceby anoffset � . Theprobabilityof � is given
by the distortiontable ������� ������
���������
�
 , which is condi-
tionedon theword classes������
 and ������
 . In GIZA++,
thewordclassesareautomaticallydetectedby abilingual
clusteringalgorithm.

The translationtable ������ ��
 dominatesthe parameter
spacewhenthevocabulary sizegrows. In this paper, we
focuson how to reducethetablesizefor ������ ��
 . We ap-
ply two additionalmethods,lemmatizationandbilingual
lexicon extraction,describedbelow. We expecttwo ad-
vantagesby reducingthe model parameterspace. One
is to reducethe memoryusage,which allows us to use
more training data. Another is to improve the data-to-
parameterratio, andthereforethe accuracy of the align-
ment.

3 Reducingthe Parameter Space

To reducethe modelparameterspace,we apply the fol-
lowing two methods.Oneis a rule-basedword lemma-
tizer and anotheris a statisticallexical extractionalgo-
rithm.

3.1 Word Lemmatizer

Weuseawordlemmatizerprogram(XRCE,2003)which
convertswordsin variantforms into the root forms. We
preprocessthetrainingandthetestcorporawith thelem-
matizer. Figure1 and2 show examplesof how the lem-
matizerworks.



it would havebeeneasyto saythatthesesanctionshaveto befollowed ratherthanmaking themvoluntary.
it would havebe easyto saythatthesesanctionhaveto befollow ratherthanmake themvoluntary.
il aurait été facilededire queil faut appliquercessanctionsà le lieu de lesrendrefacultati ves.
il avoir être facilededire queil falloir appliquercesanctionà le lieu de le rendrefacultatif .

Figure1: LemmatizerExample1

this is beingdone to ensurethatour childr en will receiveapensionunderthecpp.
this bebe do to ensurethatwechild will receivea pensionunderthecpp.
celapermettra ànosenfantsdepouvoir béńeficierdele régimedepensionsdele canada.
celapermettre ànotreenfant depouvoir béńeficierdele régimedepensiondele canada.

Figure2: LemmatizerExample2

Applying the lemmatizerreducestheparameterspace
for the alignmentalgorithmby reducingthe vocabulary
size. Nouns(and adjectives for French)with different
genderand number forms are groupedinto the same
word. Verbswith differenttenses(present,past,etc.)and
aspects(-ing, -ed,etc.)aremappedto thesamerootword.
In particular, Frenchverbshave many differentconjuga-
tions: Someverbvariantsappearonly onceor twice in a
corpus,andthestatisticsfor thoserarewordsareunreli-
able.Thus,we expectto improve themodelaccuracy by
treatingthosevariantsasthesameword.

Ontheotherhand,thereis adangerthatlemmatization
may lose useful information provided by the inflected
form of a word. In particular, specialwordssuchasdo
andbemayhavedifferentusagepatternsfor eachvariant
(e.g.,donevs. doing). In that case,lemmatizationmay
actuallyhurt theperformance.

3.2 Bilingual Lexical Extraction

Anotheradditionalcomponentwe useis a bilingual lexi-
conextractionalgorithm. We run thealgorithmover the
sametraining data,andobtaina list of word translation
pairs.Theextractedword-pairlist is usedasanadditional
training datafor GIZA++. This will give somebiasfor
the alignmentmodelparameters.This doesnot actually
reducetheparameterspace,but if thebiasis takento the
extreme(e.g. someof themodelparametersarefixedto
zero),it will reducetheparameterspacein effect.

For the bilingual lexicon extraction, we use a word
alignmentmodeldifferent from IBM models. The pur-
poseof usinga differentmodelis to extract1-to-1word
translationpairsmorereliably. Themodel(describedbe-
low) assumesthat a translationsentencepair is prepro-
cessed,so that the pair is a sequenceof contentwords.
To selectcontentwords,weapplyapart-of-speechtagger
to remove non contentwords (suchas determinersand
prepositions).As themodelfocuseson thealignmentof
contentwords,we expectbetterperformancethanIBM
modelsfor extractingcontentword translationpairs.

We give herea brief descriptionof the bilingual lexi-

conextractionmethodweuse.Thismethodtakesasinput
a parallelcorpus,andproducesa probabilisticbilingual
lexicon. Ourapproachreliesontheword-to-wordtransla-
tion lexiconobtainedfrom parallelcorporafollowing the
methoddescribedin (Hull, 1999),which is basedon the
word-to-wordalignmentpresentedin (Himstra,1996).

We first representco-occurrencesbetween words
acrosstranslationsby a matrix, the rows of which rep-
resentthesourcelanguagewords,thecolumnsthetarget
languagewords,and the elementsof the matrix the ex-
pectedalignmentfrequencies(EAFs) for the words ap-
pearingin the correspondingrow and column. Empty
wordsareaddedin both languagesin orderto dealwith
wordswith no equivalentin theotherlanguage.

The estimationof the expectedalignmentfrequency
is basedon the Iterative ProportionalFitting Procedure
(IPFP)presentedin (Bishopet al., 1975). This iterative
procedureupdatesthe currentestimate�	�! #"$&% of the EAF
of sourceword ' with targetword ( , usingthefollowing
two-stageequations:

)�*,+.- /�01 2 3 45 - * 1 - 2 076 5
)�*,+.8�/9- :901 2 ; < 1) *,+.8=/9- :901 (1)

) *,+.- :901 2 3 45 - * 1 - 2 076 5
) *,+.- /�01 2 ; < 2)>*&+.- /�0? 2 (2)

where � $�@ and � @ % arethecurrentestimatesof therow
and column marginals, A is a pair of alignedsentences
containingwords ' and ( , and A $ and A % aretheobserved
frequenciesof words ' and ( in A . The initial estimates
�	�,BDC E�"$&% are the observed frequenciesof co-occurrences,
obtainedby consideringeachpair of alignedsentences
and by incrementingthe alignmentfrequenciesaccord-
ingly. Thesequenceof updateswill eventuallyconverge
andtheEAFsarethennormalized(by dividing eachele-
ment � $&% by therow marginal � $7@ ), soasto yield proba-
bilistic translationlexicons,in whicheachsourceword is
associatedwith a targetword throughascore.

Using the bilingual lexicon thus obtained,we usea



corpus vocab Trial Test
size(E) lem � F�� � GH� Mem AER AER AERn

nolem-ef-1.2m 20M 57.7K 79.6K 993M 0.076 0.079
nolem-ef-565k 10M 43.2K 59.7K 624M 0.090 0.085 0.213
nolem-ef-280k 5M 33.9K 46.8K 453M 0.081 0.089 0.221
nolem-ef-56k 1M 18.6K 25.3K 160M 0.141 0.107
delem-ef-2-280k 5M 2 32.5K 43.3K 449M 0.076 0.093
delem-ef-3-280k 5M 3 32.0K 42.1K 447M 0.087 0.092
delem-ef-5-280k 5M 5 31.6K 41.4K 446M 0.097 0.092
delem-ef-100-280k 5M 100 31.5K 41.2K 380M 0.087 0.088
delem-ef-1000-280k 5M 1000 31.5K 41.2K 367M 0.077 0.088
delem-ef-1000-56k 1M 1000 16.9K 22.2K 148M 0.130 0.103
base-ef-1.2m 20M 44.5K 47.7K 571M
base-ef-565k 10M 32.5K 33.9K 389M 0.102 0.162 0.290
base-ef-280k 5M 25.2K 26.1K 287M 0.123 0.167
base-ef-56k 1M 13.9K 14.4K 112M 0.137 0.178

Table1: English-Frenchsharedtask

Trial TestIKJ�L
(dup) AER AER AERn

nolem-er-56k 0.283 0.289 0.369
base-er-all 0.323 0.310 0.385
trilex-er-all-3 0.3 0.318 0.314
trilex-er-all-2 0.2 0.313 0.313
trilex-er-all-1 0.1 0.296 0.310
trilex-er-all-05 0.05 0.282 0.310
trilex-er-all-02 0.02 0.297 0.308
trilex-er-all-01 0.01 0.286 0.307 0.382
trilex-er-all-01-2 0.01(2) 0.281 0.302
trilex-er-all-01-5 0.01(5) 0.282 0.298 0.374
trilex-er-all-01-10 0.01(10) 0.283 0.295
trilex-er-all-01-20 0.01(20) 0.296 0.297
trilex-er-all-01-50 0.01(50) 0.293 0.300

Table2: Romanian-Englishsharedtask

simple heuristic,basedon the bestmatchcriterion de-
scribedin (Gaussieret al., 2000) to align lexical words
within sentences.We then count how many times two
givenwordsarealignedin suchaway, andnormalizethe
countssoasto getour final probabilistictranslationlexi-
con.

4 Experiments

4.1 English-Frenchshared task

In the English-Frenchsharedtask,we experimentedthe
effectof theword lemmatizer. Table1 showstheresults.1

1In the table,AER standsfor AverageError Ratewithout
null-alignedwords,andAERnwascalculatedwith null-aligned
words. Seethe workshopshared-taskguideline for the defi-
nition of AER. Mem is the memoryrequirementfor running
GIZA++.

Due to our resourceconstraints,we usedonly a por-
tion of thecorpusprovidedby thesharedtaskorganizer.
Mostof ourEnglish-Frenchexperimentswerecarriedout
with thehalf (10million) or thequarter(5 million) of the
trainingcorpus.We ran threedifferentsystems(nolem,
base, anddelem) with somedifferentparameters.The
systemnolem is aplainGIZA++ program.Weonly low-
ercasedthe training and the test corpusfor nolem. In
base anddelem, the corpuswerepreprocessedby the
lemmatizer. In base system,thelemmatizerwasapplied
blindly, while in delem, only rare words were applied
with lemmatization.

As seenin Table 1, applying the lemmatizerblindly
(base) hurt the performance.We hypothesizedthat the
lemmatizerhurtsmore, when the corpussize is bigger.
In fact, the Trial AER was better in base-ef-56k than
nolem-ef-56k. Then,we testedthe performancewhen



welemmatizedonly rarewords.Weusedwordfrequency
thresholdto decidewhetherto lemmatizeor not. For
example,delem-ef-2-280k lemmatizeda word if it ap-
pearedlessthantwice in thetrainingcorpus.In general,
the selective lemmatization(delem-ef-*-280k) works
betterthancompletelemmatization(base-ef-280k). In
somethresholds(delem-ef- M 100,1000 N -280k), theTest
AER wasslightly betterthanno lemmatization(nolem-
ef-280k). However, from this experiment,it is not clear
wherewe shouldsetthe threshold.We arenow investi-
gatingthis issue.

4.2 Romanian-Englishshared task

In the Romanian-Englishsharedtask,we experimented
how the bilingual lexicon extractionmethodaffects the
performance.Table2 shows theresults.

Wehavethreesystemsnolem, base, andtrilex for this
task. The first two systemsarethe sameasthe English-
Frenchsharedtask,exceptwe usea lemmatizeronly for
English.2 Thesystemtrilex usesadditionalbilingual lex-
icon for trainingGIZA++. Thelexicon wasextractedby
thealgorithmdescribedin 3.2. We tried differentthresh-
olds

I J�L
to decidewhich extractedlexiconsareused. It

is anestimatedword translationprobabilitygivenby the
extractionalgorithm. We alsotestedthe effect of dupli-
catingthe additionallexicon by 2, 5, 10, or 20 times,to
furtherbiasthemodelparameters.

As our extraction method currently assumesword
lemmatization,weonly comparetrilex resultswith base
systems. As seenin the Table 2, it performedbetter
when the extractedlexicons were addedto the training
data(e.g.,base-er-all vs. trilex-er-all-01). The lexicon
duplicationworked bestwhen the duplicationwasonly
twice, i.e. duplicatingadditionallexicon too muchhurt
theperformance.For thethreshold

I J�L
, it workedbetter

whenit wassetlower (i.e., addingmorewords). Dueto
the time constraints,we didn’t testfurther lower thresh-
olds.

5 Discussion

As we expected,thelemmatizerreducedthememoryre-
quirement,and improved the word alignmentaccuracy
whenit wasappliedonly for infrequentwords. The be-
havior of usingdifferent thresholdto decidewhetherto
lemmatizeor not is unclear, sowe arenow investigating
this issue.

Addingextractedbilinguallexiconsto thetrainingdata
also showed someimprovementin the alignmentaccu-
racy. Due to our experimentalsetup,we were unable

2WedonothaveaRomanianlemmatizer, but weusedapart-
of-speechtaggerby DanTufisfor Romanianto extractbilingual
lexicon.

carry this experimentwith selective lemmatization.We
aregoingto try suchexperimentprettysoon.

6 Conclusion

We presentedour experimentalresultsof the workshop
sharedtask,by usingIBM model4 asa baseline,andby
usinga word lemmatizeranda bilingual lexicon extrac-
tion algorithmasadditionalcomponents.They showed
someimprovementover the baseline,and suggeststhe
needof carefulparametersettings.
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